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Abstract: Global and regional climate model simulations are frequently used for regional
climate change assessments and in climate impact modeling studies. To reflect the inherent
and methodological uncertainties in climate modeling, the assessment of regional climate
change requires ensemble simulations from different global and regional climate model
combinations. To interpret the spread of simulated results, it is useful to understand how
the climate change signal is modified in the GCM-RCM modelmodelgeneral circulation
model-regional climate model (GCM-RCM) chain. This kind of information can also be
useful for impact modelers; for the process of experiment design and when interpreting
model results. In this study, we investigate how the simulated historical and future
climate of the Max-Planck-Institute earth system model (MPI-ESM) is modified by dynamic
downscaling with the regional model REMO in different world regions. The historical
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climate simulations for 1950–2005 are driven by observed anthropogenic forcing. The
climate projections are driven by projected anthropogenic forcing according to different
Representative Concentration Pathways (RCPs). The global simulations are downscaled
with REMO over the Coordinated Regional Climate Downscaling Experiment (CORDEX)
domains Africa, Europe, South America and West Asia from 2006–2100. This unique
set of simulations allows for climate type specific analysis across multiple world regions
and for multi-scenarios. We used a classification of climate types by Ko¨ppen-Trewartha
to define evaluation regions with certain climate conditions. A systematic comparison of
near-surface temperature and precipitation simulated by the regional and the global model
is done. In general, the historical time period is well represented by the GCM and the
RCM. Some different biases occur in the RCM compared to the GCM as in the Amazon
Basin, northern Africa and the West Asian domain. Both models project similar warming,
although somewhat less so by the RCM for certain regions and climate types. A common
feature in regions of tropical climate types is that REMO shows dryer climate conditions
than forMax Planck Institute for Meteorology-Earth System Model (MPI-ESM) for RCP 4.5
and RCP 8.5, leading to an opposing sign in the climate change signal. With an increase in
radiative forcing from RCP 2.6 to RCP 8.5 and towards the end of the 21st century, some of
the detected differences between GCM and RCM are more pronounced.
Keywords: regional climate simulations; dynamical downscaling; REMO; MPI-ESM;
CORDEX; Ko¨ppen-Trewartha climate classification; RCP
1. Introduction
General circulation models (GCMs) are commonly used to assess present-day climate and possible
future climate changes at the global scale at rather coarse resolutions (mostly 300 to 100 km) [1–6]. In
order to investigate regional impacts of different climate conditions, spatially higher resolved information
about the state of the regional climate system is needed [7–11]. Therefore, regional climate models
(RCMs) are frequently used (e.g., [12–15]). The large scale information of the atmosphere from
the GCM serves as lateral forcing for the RCM and is dynamically refined within a model domain,
where the RCM is able to simulate mesoscale climate features [16–18]. To reflect the inherent and
methodological uncertainties in climate modeling, the assessment of regional climate change requires
ensemble simulations by different global and regional climate model combinations as is done in several
past and present international projects, e.g., PRUDENCE [19], ENSEMBLES [20] and the COordinated
Regional Climate Downscaling EXperiment (CORDEX) [21,22]. In order to help interpret the spread
of the simulated results, it is useful to know how the climate change signal is modified within the
individual modeling chains of global to regional models. Further, for various reasons, impact modelers
may not be able to consider the full ensemble; rather they need to select a number of simulation runs
representative of the full ensemble range. In this study, we analyze one specific modeling chain over
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different continents. We want to answer the question, how does the RCM REMO modifiesmodify
the simulated historical climate and the global climate change signal of the driving GCM Max Planck
Institute for Meteorology-Earth System Model (MPI-ESM). The evaluation is done for annual mean
near-surface temperature and precipitation. We investigate systematic differences in the climate change
signals over different domains for Africa, Europe, South America and West Asia for regions that are
based on climate types as defined by Ko¨ppen-Trewartha [23]. This allows for climate type specific
analysis of simulated annual mean temperature and precipitation values across multiple model domains
and continents. Consistent signal differences for one climate type over different domains would be an
indication that the modification is governed by climate type specific physical processes. For example,
in a climate type with high precipitation rates, the signal difference could be caused by resolving higher
precipitation intensities in the regional model than in the global model. Additionally, we want to address
the question of whether the bias in the control period has an influence on the climate change signal. For
this study, we use a similar model set-up for dynamic downscaling over different regions of the globe that
are defined within CORDEX. These CORDEX domains are widely used for regional studies across the
globe (e.g., [24–28]). The driving simulations of MPI-ESM are performed within the framework of the
Coupled Model Intercomparison Project Phase 5 (CMIP5) [29], using the Representative Concentration
Pathways (RCPs), which prescribe future atmospheric greenhouse gas concentrations and aerosols [30].
The paper is structured as follows: in Section 2 a description of the model and experiment setup
is given. Section 3 describes the analysis method. In Section 4 results are discussed with respect to
the ability of the models to represent present day climate in the control period, and with respect to the
differences in the climate change signal, as projected by the global and the regional model. Finally, some
conclusions are given in Section 5.
2. Model and Experiment Setup
In this study, we apply the regional climate model REMO [31,32] to downscale global
simulations of the Max Planck Institute for Meteorology-Earth System Model MPI-ESM over several
CORDEX domains.
2.1. MPI-ESM
The MPI-ESM consists of the general circulation model for the atmosphere ECHAM6 [33]
coupled to the MPI Ocean Model (MPI-OM) [34]. The model system is further coupled to
dynamic process models for marine biogeochemistry—the Hamburg Model of Ocean Carbon Cycling
(HAMOCC5) [35,36] and for the land biosphere—the Jena Scheme for Biosphere-Atmosphere Coupling
in Hamburg (JSBACH) [37,38]. Here, we use the experiments conducted within the frame of CMIP5 of
MPI-ESM [39] in the Low Resolution (LR) configuration with the atmosphere in spectral truncation of
T63 and 47 vertical levels. MPI-OM is used with a bi-polar grid at 1.5◦ horizontal resolution and 40
vertical levels. The main conceptual differences to the predecessor model ECHAM5/MPI-OM [40,41],
which was applied in CMIP3, are the fully coupled carbon cycle and the stratosphere resolved up to
0.01 hPa.
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2.2. MPI-ESM Experiments
The historical experiment of MPI-ESM started in 1850 from a pre-industrial control simulation with a
total length of 1,000 years with prescribed constant natural climate forcing. Starting from three different
years of the pre-industrial control run, three realizations were integrated from 1850–2005 under observed
natural and anthropogenic forcings. The natural forcing considers variations of the Earth orbit, variability
in spectral solar irradiance, stratospheric aerosols from volcanic eruptions and seasonally varying natural
tropospheric aerosols. The anthropogenic forcing considers well-mixed greenhouse gases (CO2, CH4,
N2O, CFC-11, CFC-12), ozone and anthropogenic sulfate aerosols, which are spatially and seasonally
resolved. Anthropogenic land-cover change is modeled in JSBACH [37] based on the New Hampshire
Harmonized Land Use Protocol 3 [42] for the period 1500–2100. For more details about the climate
forcings see Giorgetta et al. [39]. In this study, we use the first realization from 1950–2005 for the
downscaling experiments.
The global climate change experiments are initialized with the state at the end of the corresponding
historical experiment. They are conducted for the period 2006–2100 following the Representative
Concentration Pathway (RCP) scenarios developed by Moss et al. [43]. MPI-ESM was used for
RCP 2.6 [44], RCP 4.5 [45] and RCP 8.5 [46] which prescribe the respective low, middle, and high
concentrations of greenhouse gases, tropospheric ozone and tropospheric aerosols, which had been
modeled for each RCP, and the anthropogenic land-use scenarios based on Hurtt et al. [42]. The
natural forcing is the same as in the historical experiment, except for volcanic aerosols, which are set
to zero. For each RCP experiment, again three realizations exist whereof only the first realization of
each RCP experiment is used in this study corresponding to the first realization of the control period
mentioned above.
2.3. REMO
For the regional downscaling experiments, the hydrostatic version of the regional model REMO2009
is used (further denoted as REMO). REMO [31,32] is a limited-area three-dimensional atmospheric
circulation model. It is based on the ‘Europa-Modell’ of the German Weather service [47] and
on the physical parameterizations of the global three-dimensional atmospheric circulation model
ECHAM-4 [48]. Some important model specifications of REMO are listed in Table 1 [49–57].
Table 1. Regional model (REMO) specifications used for the COordinated Regional Climate






































These are the same specifications as applied in Jacob et al. [28] for downscaling global reanalysis
data over several CORDEX domains, with one exception for West Asia. Here, the parameter value for
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cloud height over land - the distance between cloud top and cloud base—that has to be reached before
a cloud can rain was set to a lower value in order to improve the representation of precipitation in this
region. Additionally, the model parameterization differs from the version used in all other domains in
West Asia, which was not discussed in Jacob et al. [28]. It has to be kept in mind for the interpretation
of the results, that the soil heat conductivity was reduced by applying values that are representative for
dry soils, which was found to be more appropriate over large parts of India (refer to Kumar et al. [58]).
2.4. REMO Experiments
The first realization of the MPI-ESM historical experiment and of the RCP 2.6, RCP 4.5 and RCP 8.5
experiments are downscaled with REMO to the CORDEX domains for Africa, Europe, South America,
and West Asia. The historical experiments are downscaled for 1950–2005 and the RCP experiments
for 2006–2100. The global data is prescribed at the lateral boundaries of each CORDEX domain
with an exponential decrease towards the inner model domain. The main direct influence of the
boundary data lies in the eight outer grid boxes using a relaxation scheme according to Davies [59].
The horizontal target resolution is 0.44◦ on a regular grid, and the vertical atmosphere contains 27 or
31 levels on a hybrid vertical coordinate system (refer to Table 1). The time series of the observed
greenhouse gas concentrations are prescribed to the regional historical simulation. The time series of
the projected greenhouse gas concentrations are prescribed to the respective regional RCP experiment.
Other anthropogenic and natural forcings such as ozone and aerosols (refer to Tanre´ et al. [60]) are kept
constant. As is frequently done in regional climate modeling studies, land cover change is not considered
due to the lack of high resolution datasets. Large scale climate information is transported into the model
domain via the lateral boundaries as well as via the sea surface temperatures at the lower boundary.
3. Analysis Methodology
The simulations for the historical time period are analyzed with respect to the ability of the global and
the regional model to represent present-day climate.
The 30-year time period from 1971–2000 is analyzed and also serves as a reference for the
future climate change simulations. The analyzed future time periods extend from 2036–2065 for the
mid-century and from 2071–2100 for the end of the century. The climate change signals can be defined
as the differences in the climatological mean values of the the future to the reference time period.
We calculate the climatological mean values over the 30-year time period as follows. For horizontal
plots, the temporal mean per grid box is calculated. For overlapping regions (mainly Europe, Africa
and West Asia), we applied masks in order to only use values that belong to the respective geographical
continent for each CORDEX domain. Within Section 4, we additionally discuss the results in these
overlapping regions. In order to investigate differences in the climate change signal independent of
the model domain, we calculate mean values over different continent independent areas following the
climate type classification of Ko¨ppen-Trewartha [23], as listed in Table 2 ([61,62]). Regions of the same
Ko¨ppen-Trewartha climate type are calculated using version 3.0 of the Climate Research Unit (CRU)
observational dataset [63] (denoted as CRU in the following) and are fixed in this study. Areas
corresponding to the different climate types are shown in Figure 1. CRU data also serve as reference
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for the representation of present-day climate. For comparison, model data are remapped to the
regular global 0.5◦× 0.5◦ grid of the CRU data using conservative remapping, that is first order area
weighted remapping.
Table 2. Ko¨ppen-Trewartha (K-T) climate types based on Trewartha and Horn [61]. Table
was taken and edited from Castro et al. [62]
.
Climate Ko¨ppen-Trewartha Definition
Tropical humid Ar All months above 18 ◦C and less than 3 dry months
Tropical wet-dry Aw Same as Ar, but 3 or more dry months
Dry arid BW Annual precipitation P (in cm) smaller, or equall to 0.5×A
Dry semi-arid BS Annual precipitation P (in cm), greater than 0.5×A
Subtropical summer-dry Cs 8–12 months above 10 ◦C, annual rainfall less than 89 cm and dry summer
Subtropical summer-wet Cw Same thermal criteria as Cs, but dry winter
Subtropical humid Cr Same as Cw, with no dry season
Temperate oceanic Do 4–7 months above 10 ◦C and the coldest month above 0 ◦C
Temperate continental Dc 4–7 months above 10 ◦C and the coldest month below 0 ◦C
Sub-arctic oceanic Eo Up to 3 months above 10 ◦C and the coldest month above −10 ◦C
Sub-arctic continental Ec Up to 3 months above 10 ◦C and the coldest month below or equal to −10 ◦C
Tundra/Highland FT All months below 10 ◦C
Ice cap FI All months below 0 ◦C
Figure 1. Ko¨ppen-Trewartha (K-T) climate types. The derived Ko¨ppen-Trewartha (K-T)
climate classification based on the 30-year mean of the CRU dataset: FT (tundra/highland),
FI (ice cap), Eo (sub-arctic oceanic), Ec (sub-arctic continental), Do (temperate oceanic),
Dc (temperate continental), Cw (subtropical summer-wet), Cs (subtropical summer-dry), Cr
(subtropical humid), BW (dry arid), BS (dry semi-arid), Aw (tropical wet-dry), Ar (tropical
humid) see also Table 2.
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Temperature values are height corrected using a lapse rate of 0.0064 K/m in order to take into account
the differences between the orographies of CRU, the global and the regional model. In a subsequent
step, masks for the different climate types are applied for the different domains. Climate types that cover
less than 5% of the land area of a model domain are excluded from the analysis. Values for temperature
and precipitation are then compared for the same climate type in different regions. Using this method,
features depending on a distinct climate type can be distinguished from features depending on a model
domain. Here we analyze only annual means due to the different timing of seasons within climate types,
which are present in the northern and southern hemisphere or on different continents. A detailed analysis
of seasonal cycles applying a different evaluation methodology taking into account the different timing
of seasons and climatic conditions will be done in a future study.
4. Results and Discussion
4.1. Evaluation of the Simulated Historical Climate
This chapter describes the performance of the two models in representing the present day climate
within the reference period 1971–2000. The differences to the observational dataset of CRU v3.0 for 30
year annual means for temperature and precipitation are analyzed. They are shown in Figure 2. The top
row shows the temperature bias, while the bottom row shows the precipitation bias as relative difference.
On the left hand side, the results for MPI-ESM are shown and on the right hand side, the corresponding
downscaled results of REMO.
4.1.1. Temperature
Generally, REMO results are cooler than MPI-ESM results. MPI-ESM has a prominent warm bias
from Southern Europe to Central Asia of at least 2 K, as can be observed in the upper left panel in
Figure 2. In contrast, REMO has a cold bias for the Sahara region and the entire West Asian domain
shown in the upper right panel in Figure 2. The largest difference of REMO to CRU v3.0 is in the
Tibetan Plateau where, however, the quality of the CRU observations is questionable due to the lack of
observations.
For most parts of Africa, apart from the Sahara region, both models show minor temperature biases
of less than 2 K, except for a common warm bias in a narrow band along the region of the Benguela
upwelling system, located off the coast of South-West Africa.
For South America, temperature biases of the regional and the global simulation are rather similar,
with warm biases up to 2 K over the Amazon Basin and Patagonia. An existing Amazonian warm bias in
predecessor simulations was substantially reduced as described in Jacob et al. [28], by prescribing more
realistic values for the water holding capacity of tropical forests in this region, which are characterized
by large rooting depths [64].
There are two regions in which the model domains overlap considerably: The northern part of the
African domain overlaps the European domain and the northeastern part of the African domain overlaps
the West Asian domain. Comparing temperature biases inside the overlapping regions, the Africa/Europe
region shows a very similar pattern and magnitude of the biases. In the Africa/West Asia region, the bias
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patterns are similar in both domains, while the cold bias versus CRU is more pronounced (by about
1–3 K) in the West Asia domain (not shown).
Figure 2. Historical time period compared with CRU, annual mean 2m-temperature and
annual precipitation sums. The temperature difference is plotted in K in the upper panels
for the historical time period as simulated by the Earth system model MPI-ESM (LR) (left
panel) and REMO (right panel). Precipitation differences are plotted in mm/day in the lower
panels as simulated by the Earth system model MPI-ESM (LR) (left panel) and REMO (right
panel) compared to observational data of CRU.
4.1.2. Precipitation
In general, the patterns of the precipitation biases (shown in the lower panels in Figure 2) look rather
similar for both models, although differences can be seen in the magnitudes. One has to keep in mind
that the relative difference overemphasizes the bias in areas with low precipitation.
A consistent wet bias between 25%–50% can be seen over Europe. A strong common wet bias is
seen on the west coast of South America, as well as for the west coast of Africa. In the coastal region
of the Amazon Basin, MPI-ESM shows a dry bias which is reduced by REMO, while the wet bias in
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the eastern parts of South America is increased. While MPI-ESM has a dry bias for central to southern
India, REMO simulates a wet bias for these areas.
The bias in the overlapping region of Africa and Europe shows again the same pattern and magnitude.
In the Africa/West Asia overlapping region, the pattern is similar, while the magnitude shows differences
of about 25 percentage points in some regions (not shown).
4.1.3. Discussion
Except for temperature in the subtropical band of the Northern hemisphere and Central Asia, the
patterns for both temperature and precipitation are similar.
The cold bias over the Sahara region was already present in the ERA-Interim driven hindcast
simulation and seems to be a REMO feature. However it is difficult to quantify the cold bias, as it
is a region extremely sparse with observations. It could be related to less incoming shortwave radiation
over the Sahara region compared to MPI-ESM. One possible reason for this is the comparatively high
aerosol optical depth of the the aerosol climatology by Tanre´ et al. [60] used in the regional model as
shown for a European domain by Zubler et al. [65].
To investigate why REMO cools down the MPI-ESM results for the West Asian domain substantially,
we compared the atmospheric driving fields of MPI-ESM with the corresponding fields in REMO. The
mean seasonal circulation is not substantially altered by REMO, indicating that it is mainly determined
by the lateral GCM-forcing and, to a minor extent by the internal freedom of REMO in the center of the
domain, (e.g., [66]). There are only minor temperature differences between MPI-ESM and REMO in the
lower troposphere at 850 hPa. The small temperature differences indicate that the different surface and
soil schemes in the two models generate the difference in the near surface temperature. The different
thermal conductivities used for the domains are supposed to be one of the reasons for the cooling.
Nevertheless, this is in contrast to former studies performed under the HighNoon project using ECHAM5
and the Hadley Center as driving model where we could not find a cold bias in the region, although we
used modified soils.
Concerning precipitation, the pattern may be affected by a cold bias in the sea surface temperature
(SST) simulated by MPI-ESM compared to ERA-Interim in the Indian ocean. Especially over the
Arabian Sea, the bias is on the order of 2 K. Since the South Asian climate is strongly dependent on the
air sea interaction [67], this bias significantly influences the local climate. For a sensitivity experiment,
in which the MPI-ESM simulated SST was replaced by the SST of ERA-Interim, the results indicate that
the monsoon precipitation is better simulated with the corrected SST. However, the changed SST did not
affect the temperature over land substantially.
Further investigations of the reasons for the substantial differences in temperature are of interest, but
are not within the scope of this paper.
The Africa/Europe overlapping region shows that the bias versus CRU is not altered by the choice of
the model domain. Boundary conditions and local processes have similar influences inside this region.
This seems to be different for the Africa/West Asia region, where differences in the bias are detected.
One possible explanation is the difference in coverage of inflow areas by the regional models: Africa and
Europe have a similar western boundary in the Africa/Europe overlapping region and thus also similar
western boundary conditions (the main inflow in this region). The advection pattern in the Africa/West
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Asia overlapping region is more complex. Air masses advected over the African continent are resolved
by the regional model over the Africa domain while air masses advected over the Indian ocean are better
represented by the West Asian domain. To some extent the different temperature biases in the Africa and
West Asia domains can be related to different soil heat conductivities (refer to Section 2.3).
4.2. Global and Regional Climate Change Signals
The climate change signal in mean temperature and precipitation as defined in Section 3, is
investigated in this section for MPI-ESM and REMO. A potential dependence of the climate change
signal on climate zone (based on CRU and independent of the actual model region) is investigated.
We analyzed to what extent the spatial variance of the signal difference between GCM and RCM
can be attributed to the specific climatic conditions within a certain climate type, following an analysis
of variance (ANOVA) approach. As result, we found that the Ko¨ppen-Trewartha climate types explain
10.3% of the variance for temperature and 23.7% for precipitation. The value for temperature is quite
low and might not be significant. For precipitation a considerable part of the signal difference can be
attributed to climate types. In the following, we do the signal evaluations consequently for climate types
and continents according to the evaluations of the historical climate.
4.2.1. Temperature
Figure 3 shows the climate change signal for temperature for the period 2071–2100 in comparison to
the reference period 1971–2000 for the RCP 4.5 scenario in the upper row and for the RCP 8.5 scenario in
the bottom row. In the left column the results of MPI-ESM are shown. The right part of Figure 3 shows
dynamically downscaled results with REMO for the different CORDEX domains. The investigated
model domains are included in all plots for better orientation.
Overall, the climate change signal simulated by both models for both scenarios is always greater
than 1 K. The temperature change signal exceeds 5 K for major regions in both models for the RCP 8.5
scenario. In general, Figure 3 shows a similar pattern in the distribution of the climate change signal for
temperature. By dynamical downscaling of the MPI-ESM data with REMO, the horizontal distribution
of the climate change signal for temperature gains in heterogeneity. In the REMO, most of the hot spot
regions of the MPI-ESM, e.g., the Amazon Basin area of South-America, are horizontally less extended,
which can be observed in both scenarios. In summary for the horizontal patterns, the temperature change
signal is maintained after dynamically downscaling the MPI-ESM simulations with REMO.
A regional specific analysis is done for the Ko¨ppen-Trewartha classes for each CORDEX domain. In
Figure 4 the climate change signal of temperature is analyzed for the Ko¨ppen-Trewartha climate types,
following their horizontal distribution as shown in Figure 1.
The analysis is done for the two time slices 2036–2065 and 2071–2100, shown on the left-hand side
and on the right-hand side of Figure 4, respectively. Matrices for scenarios RCP 4.5 and and RCP 8.5 are
shown at the top and at the bottom of Figure 4, respectively. All regions are analyzed for the MPI-ESM
(marked with E) and REMO (marked with an R).
All four matrices of Figure 4 show that the majority of the climate change signals for temperature
downscaled with REMO are lower or at least on the same level as the MPI-ESM results. This feature
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remains robust, even if the REMO simulation is compared to the other two MPI-ESM realizations (not
shown). There are two exceptions in the simulations under RCP 8.5 conditions: one for the Tropical
Humid (Ar) region over Africa, where REMO simulates higher temperature for the period 2071–2100,
which can also be seen in the horizontal plots (see Figure 3, lower right); the other exception is in
the period 2036–2065, for the West Asian Ko¨ppen-Trewartha class FT (Tundra/Highland). For both
exceptions, the temperature change signal downscaled by REMO is higher than the signal of the
MPI-ESM simulation for that area. In the case of the FT region of West Asia the higher REMO yearly
mean temperature change signal for the RCP 4.5 of the period 2036–2065 is only a little higher, but
directly at the lower edge of the 3.5 to 4 K class of the temperature change signal.
Figure 3. MPI-ESM (LR) and REMO climate change signals for annual mean temperature.
The climate change signal for temperature is plotted in K as simulated by the Earth system
model MPI-ESM (LR) (left panels) and the regional climate model REMO (right panels).
In the upper panels the climate change signal for RCP 4.5 is shown, while the lower panels
show the climate change signals for RCP 8.5. The future time period 2071–2100 is compared
to the reference time period 1971–2000.
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The RCP 4.5 (2036–2065) for different Ko¨ppen-Trewartha classes reveals, for MPI-ESM and REMO
simulations a temperature increase of at least 0.5 K in comparison to the reference period. The maximal
difference for all fields of RCP 4.5 (2036–2065) is about 2 K for MPI-ESM and REMO. Within RCP 4.5
(2071–2100) a similar variability in all Ko¨ppen-Trewartha classes can be observed. Almost all fields
show a temperature change signal, which is stronger than 1 K. Nevertheless, the maximal temperature
difference within all fields of the matrix for RCP 4.5 (2071–2100) is still lower than 3 K, for the
downscaled data even lower than 2 K.
Figure 4. Climate change signals for each domain and each climate type for annual mean
temperature. The climate change signals are depicted for temperature for RCP 4.5 (upper
plot) and for RCP 8.5 (lower plot) considering only gridboxes for one specific climate type
per region. Climate change signals as simulated by MPI-ESM (LR) (E) and REMO (R)
are plotted on the left-hand side and on the ride-hand-side, respectively. The time periods
considered are 2036–2065 (left panel) and 2071–2100 (right panel) compared to the time
period 1971–2000. Climate types that are not present in the respective domain are depicted
in gray.
Comparing the time slices and RCP scenarios with each other, the range of the temperature
climate change signal is similar between RCP 8.5 (2036–2065) and RCP 4.5 (2071–2100). In RCP 8.5
(2036–2065) the mean temperature increase is about 2.5 K, and therefore by 0.5 K higher than in RCP 4.5
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(2071–2100). Differences between Ko¨ppen-Trewartha classes in RCP 8.5 (2071–2100) are higher in
comparison to RCP 4.5 (2071–2100) and vary from 1 to 3.5 K.
Altogether, the strongest temperature change signal is simulated for the RCP 8.5 scenario in the period
2071–2100. Here the minimal temperature change signal for all Ko¨ppen-Trewartha classes is greater
than 3 K, with the maximal temperature change signal being even greater than 6 K in the Himalayan
Highlands. The variation within the Ko¨ppen-Trewartha classes is greater than 3 K.
In the Africa Europe overlapping region, the differences of the climate change signals are rather
small for RCP 8.5 at the end of the century (2071–2100). They range mainly up to 0.4 K, while the
climate change signal itself lies between 3 K and 4 K in this region. The overlapping region of Africa
and West Asia shows a similar behavior-climate change signal mainly liying between 3 K and 4 K, while
the differences of signals as simulated in the African domain and in the West Asian domain are mainly
below 0.4 K. For the other RCPs and for the middle of the century time slice (2036–2065), differences
are smaller, except for the case of RCP 2.6 over the Africa/West Asia overlapping region, where the
differences are up to 1 K over the Arabian Peninsula (not shown).
4.2.2. Precipitation
As precipitation is more variable in space and time than temperature, due to the large inter-annual
variability of the rainfall amounts, small systematic changes are more difficult to detect. In Figure 5,
we show the climate change signal for precipitation for the period 2071–2100 in comparison to the
reference period 1971–2000 as a relative difference. The effect of climate change on precipitation is
represented more intuitively by a relative measure, even though this might lead to difficulties in low
precipitation areas.
In the top row of Figure 5, the results for the RCP 4.5 scenario are presented. The results for the
RCP 8.5 are shown in the bottom row. The left column represents the results of the MPI-ESM, and the
right column shows the dynamically downscaled results.
In both RCP scenarios and for both models, a decrease in precipitation of more than 30% is seen for
the northeastern coast of South America, as well as for the western coast of North Africa. For the African
area of the Sahara, the high relative precipitation differences are due to extremely low precipitation rates.
Therefore the arid zones (compare Dry Arid (BW) and Dry Semi-Arid (BS) of Figure 1) cannot be
easily interpreted for relative precipitation changes (Figure 6). In the Congo region in Central Africa,
where the tropical climate types Ar and Aw dominate, also the precipitation change signal is modified
by the regional model in RCP 4.5 and RCP 8.5 to drier conditions. Whereas the global model projects
a precipitation increase (which is consistent among all three MPI-ESM realizations (not shown)), the
regional model simulates a decrease in precipitation. In RCP 8.5 to the end of the 21st century this
effect is most pronounced. Additionally for Africa, the area of the climate type Subtropical Humid (Cr),
should be interpreted with care, as this class is mistakenly assigned to some grid boxes over the Sahara
region on the basis of CRU data. Please note that for the matrix-plots these areas are not excluded for
the precipitation analysis but cannot be discussed.
Within Figure 5 the results of the downscaled REMO show a very detailed pattern compared to
MPI-ESM. For example in South America under RCP 4.5 condition, the pattern of the decreased
precipitation change follows the course of the Amazon River instead of concentrating on the coastal
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border. On the other hand, the pattern of the change in dynamically downscaled precipitation in the
Amazon Basin is widely extended to the south for both RCP scenarios. Here, the climate change signal
for precipitation changes from an increase in MPI-ESM to a decrease in REMO. For the South American
continent, the areas of tropical humid (Ar) and tropical wet-dry (Aw) conditions for the MPI-ESM
contain regions of precipitation increase as well as precipitation decrease. Therefore the area averaged
values are close to zero.
Figure 5. MPI-ESM (LR) and REMO climate change signals for annual precipitation sums.
The climate change signal for precipitation is plotted in mm/day as simulated by the Earth
system model MPI-ESM (LR) (left panels) and the regional climate model REMO (right
panels). In the upper panels the climate change signal for RCP 4.5 is shown, while the lower
panels show the climate change signals for RCP 8.5. The future time period 2071–2100 is
compared to the reference time period 1971–2000.
Differences between the climate change signals of precipitation in the overlapping region of Africa
and Europe lie mainly below 10 percentage points with a climate change signal of more than 30 percent
for RCP 8.5 at the end of the century (2071–2100). In the overlapping region of Africa and West Asia,
differences are typically less than 15 percentage points, with the exception of the coastal areas of the
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Horn of Africa and the Arabian Peninsula, where differences lie well above 20 percentage points, with
climate change signals of more than 30 percent. For the other RCPs and for the middle of the century
time slice (2036–2065), the magnitudes of the differences are mainly similar or smaller (not shown).
Figure 6. Climate change signals for each domain and each climate type for annual
precipitation sums. The climate change signals are depicted for precipitation for RCP 4.5
(upper plot) and for RCP 8.5 (lower plot), considering only grid boxes for one specific
climate type per region. Climate change signals as simulated by MPI-ESM (LR) (E) and
REMO (R) are plotted on the left-hand side and on the ride-hand-side, respectively. The
time periods considered are 2036–2065 (left panel) and 2071–2100 (right panel), compared
to the time period 1971–2000. Climate types that are not present in the respective domain
are depicted in gray.
4.2.3. Discussion
Some differences between the climate change signals simulated by the regional and the global model
shown in Figure 3 and Figure 5 are restricted to a certain region, as in the case of central Africa. This is
the only region, located mainly within the Ar climate type, where the temperature increase is larger in
the RCM simulation for the RCP 8.5 at the end of the 21st century. A positive feedback on temperature
due to different non-linear processes in the regional model might occur at a certain level of warming.
The global and regional model processes leading to the opposite precipitation signals of the regional
and the global simulations in the projected climate over central Africa are presently investigated
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by Saeed et al. [68]. They show that more frequent heavy precipitation events occur in REMO and
lead to higher surface runoff than in the GCM. The higher runoff causes less infiltration into the soil and,
thus, reduces soil moisture content. Therefore, evaporation is reduced and temperature increases. The
reduced local water recycling leads to less mean precipitation and stronger warming in this region.
Some modifications of the climate change signal projected by the RCM compared to the GCM occur
in certain climate types, independent of which continent they are located on. In these cases, special
regional and local characteristics of the climate types seem to contribute to the modifications. Such
as within all arid climate types (BW and BS), and within the temperate continental climate type (Dc),
REMO simulates a smaller warming signal than the driving MPI-ESM in all domains. This common
feature becomes more pronounced in the RCP 8.5 at the end of the 21st century. Systematic differences
also occur in the tropical climate types Ar and Aw, where REMO modifies the precipitation signal
simulated by the GCM not only in Central Africa but also in Ar and Aw in South America and also
in Indonesia (see Figure 5) to drier climate conditions. In all cases, this common feature is negligible in
the RCP 2.6 (not shown), slightly present in the RCP 4.5 and becomes most prominent in the RCP 8.5 at
the end of the 21st century. A common feature can also be seen in the oceanic temperate climate type
Do, where both MPI-ESM and REMO simulate precipitation decreases RCP 4.5 and RCP 8.5 at the end
of the century. The subarctic continental climate type Ec is only present in Europe, here both models
project precipitation increases in both scenarios with higher values in 2071–2100. Several differences
between GCM and RCM appear only or more pronounced at a certain level of warming as in the RCP 8.5
at the end of the 21st century, which might be caused by different non-linear processes at different spatial
scales in the regional and global model.
The difference in the climate change signal of temperature in the overlapping regions is in general
rather small compared to the climate change signal itself. This indicates that the choice of the model
domain is of minor importance in this case. Also, different biases in the control period do not influence
the annual mean climate change signal significantly, as can be seen in the case of the Africa/West Asia
overlapping region, where we saw a larger bias in the West Asia control run compared to observations
than in the African domain.
In the case of precipitation, the differences in the climate change signals are smaller in the case of the
Africa/Europe overlapping domain, probably due to a more similar circulation pattern in both domains
due to the similar location of the Western boundary (refer to Section 4.1.3). The differences in the
areas of the Horn of Africa and the Arabian peninsula could be related to differences in the simulated
circulation patterns over the Indian Ocean (refer to Section 4.1.3). As these regions are very arid, absolute
differences are relatively small.
5. Conclusions
In this study we investigate how the simulated historical climate and the climate change projections
of the GCM MPI-ESM are modified by dynamic downscaling with the RCM REMO. The global
simulations have been downscaled with REMO over the four CORDEX domains South America,
Europe, Africa and West Asia using a similar model setup. We compare features of the simulated global
and regional climate under different anthropogenic forcing within continents and climate types. The
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analysis is done on the basis of annual mean climate parameters to get a general overview of major
modifications in mean climate. From this, further studies will follow to investigate important features at
higher temporal resolution and with more detailed spatial patterns.
The representation of the historical time period in both the global and regional simulations is evaluated
in comparison to CRU observational data. In general, the historical climate is well represented by both
models, but some different biases in the global and the regional simulations can be seen. In South
America, the global simulation results show a warm bias over the Amazon Basin, which disappears in
large parts of this region in the RCM simulations. A predecessor REMO version showed a similar warm
bias which was substantially reduced by a better representation of tropical forest rooting depths [28].
The strong influence of the lower boundary points to the importance of an appropriate representation of
vegetation and soil properties within climate models. Especially in regions with strong land-atmosphere
coupling like in the Amazon basin, realistic land surface representations at high spatial resolution have
the potential to improve the global simulations by regional downscaling. Furthermore, the climate
change signal is modified in the Amazon Basin with less temperature increase simulated by the RCM
in some parts of this region. The regional simulation shows a cold bias over northern Africa, while in
the global results a slight warm bias in some parts of this area occur. A systematic cold bias occurs in
large parts of the West Asian domain in the regional simulations, whereas the global simulation results
show a distinct warm bias. However, with respect to the simulated climate change signals, the projected
temperature increase is similar over West Asia in the regional and global simulations, indicating that the
cold bias in the historical simulation does not affect the annual mean climate change signal in this region.
The bias in the control period has no apparent influence on the climate change signal under the
conditions of this study, as can be seen from the regions where the domains overlap. Especially in
the overlapping region of Africa and West Asia, where the bias versus observed temperatures differ
significantly for the two domains, the climate change signal for temperature is similar.
In general, similar mean temperature change signals are projected by the RCM in comparison to
the GCM. In several regions and in certain climate types as the arid climate types (BW and BS) and
the temperate continental climate type (Dc) the temperature increase is somewhat lower in the RCM
projections. One exception is the Congo region in Central Africa, where the temperature increase is
greater in the RCM simulation for RCP 8.5 at the end of the century.
The precipitation change signals are spatially heterogeneous with some different patterns in the RCM
and GCM simulations. A common feature can be seen in the oceanic temperate climate type Do, where
both MPI-ESM and REMO simulate precipitation decreases under RCP 4.5 and RCP 8.5, at the end
of the century. A systematic modification of the precipitation signal simulated by the GCM occurs in
the tropical climate types Ar and Aw in all model domains. Here, the regional model simulates drier
climate conditions. This feature gets more pronounced with strong radiative forcing in the RCP 8.5 at
the end of the 21st century. In central Africa, the precipitation signal even differs in sign in RCP 8.5 in
2071–2100, with precipitation increases in MPI-ESM and decreases in REMO. At the same time,
temperature increase is stronger in the regional simulations. The study of Saeed et al. [68] refers the
drier and warmer climate conditions projected by the regional model in central Africa to much more
frequent heavy precipitation events and thus stronger surface runoff and less infiltration of water into
the soil, leading to reduced local water recycling and less evaporative cooling in this region. If similar
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processes occur within the tropical climate types in South America and Indonesia, it will be investigated
in following studies. A further interesting research question is if other regional climate models modify
the global MPI-ESM simulations in a similar way. In this study, we defined the climate type regions
according to CRU data in order to fix the evaluation regions for comparison. They might not completely
overlap with the GCM and RCM data of the historical simulations and also be shifted in the climate
change simulations. In a further study, it would be interesting to analyze the spatial shift of climate
zones in the climate projections.
This study can help to interpret global and regional climate change signals simulated by the
model chain MPI-ESM/REMO. As it is only one GCM-RCM model combination, it cannot provide
a complete assessment of the climate change signals in the different regions. For this, an ensemble
of model simulations has to be used. As different models lead to different projections, all available
global/regional model combinations need to be applied in order to achieve the best approximation of
possible climate change signals. This analysis can be done in future studies, when a sufficiently large
ensemble of simulations on the basis of the different RCPs becomes available, e.g., within the frame of
CMIP5/CORDEX.
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